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ABSTRACT 
 
Over  the  last  decade  or  so  micro-electromechanical  system  (MEMS) 
technology has been widely used in many navigation applications such as 
pedestrians, aircraft, land vehicles and robots, because of its advantages in 
terms  of  price,  accuracy  and  size.  This  paper  presents  a  novel  low-cost 
multisensor hardware platform known as “NAVCON”, which is designed for 
navigation and control of quad-rotor unmanned aerial vehicles. It is a smart 
board  with  GPS,  MEMS  accelerometer  and  gyroscope,  magnetometer, 
barometer and a rich set of peripheral interfaces.  
 
One significant function of this platform on UAV is the attitude and heading 
reference system (AHRS), which outputs the pitch, roll and yaw in real time 
to assist the control unit to balance the aircraft or to perform specific actions. 
But, the low-cost inertial sensors usually have large biases and nonlinear 
characteristics in their outputs. Therefore, error modelling and calibration are 
implemented  to  correct  the  errors  of  NAVCON.  The  general  calibration 
method  usually  has  strict  requirements  on  experimental  environment  and 
equipment.  For  calibrating  such  low-cost  sensors  more  conveniently,  the 
auto-calibration  strategy  based  on  ellipsoid  fitting  for  accelerometer  and 
magnetometer  is  presented.  Test  result  shows  that  the  auto-calibration 
strategy can obtain the same accuracy as the traditional method, but it is 
simpler and more efficient.  
 
 
 
A  quaternion  based  extended  Kalman  filter  (EKF)  is  also  proposed  for 
implementing the AHRS function on the NAVCON. In addition to the online 
sensor bias estimation and compensation by EKF, the measurement noise 
covariance  matrix  R  is  set  adaptively  in  consideration  of  the  dynamic 
disturbance  in  both  accelerometer  and  magnetometer.  Moreover,  a  new 
variable  monitoring  the  long  term  change  on  magnetic  field  strength  is 
introduced  to  improve  the  robustness  of  magnetic  disturbance  detection 
strategy.  In  the  tests,  proposed  AHRS  algorithm  on  NAVCON  was 
compared with the Xsens’ AHRS product MTi directly. The result shows a 
good accuracy. And the improved disturbance detection strategy can identify 
the body motion and detect the magnetic disturbance correctly. 
 
KEYWORDS: MEMS; AHRS; quaternion; EKF; multisensor platform.  
 
 
1. INTRODUCTION 
 
Over  last  few  years,  with  continuous  improvement  on  MEMS  technology,  the  growing 
demand for navigation purposes makes MEMS inertial sensors and systems more popular. 
Many MEMS based multisensor platforms have been developed, such  as Xsens MTi, ST 
iNemo,  3DM-GX2  and  so  on.  Low  cost  makes  MEMS  sensors  widely  accepted  in  both 
consumer  and  industrial  markets.  Low  power  dissipation  and  small  packaging  meets  the 
increasing  requirement  for  mobility  and  integration  in  portable  applications  which  are 
constrained by limited power capacity. Originally purposed as a multisensor control board for 
a quadrotor, NAVCON (Xie 2012; Sun et al. 2012) was designed and manufactured in 2012 
supporting  by  School  of  Surveying  and  Geospatial  Engineering,  UNSW.  It  has  MEMS 
accelerometer,  rate  gyroscope, magnetometer, barometer and a set of rich interfaces on  a 
credit card size circuit board.  
 
One  significant  part  of  any  quadrotor  is  the  AHRS. NAVCON  is  naturally  an  AHRS  by 
integrated with inertial sensors and magnetometer. But, these low cost sensors usually suffer 
from nonlinear scale, large bias, temperature drift and random drift. Although some error 
modelling (Jurman et al. 2007) and compensation methods (Aggarwal et al. 2008; Fang et al. 
2011) have been proposed to describe and eliminate the errors, the equipments for traditional 
calibration  methods  are  usually  large  and  expensive.  Moreover,  magnetometer  is  easily 
disturbed by external magnetics and need to be calibrated before using or when operation 
environment is changing to against the magnetic disturbance. Further, it is not easy to find a 
magnetic reference for traditional calibration method. From these points of view, it’s essential 
to find some convenient calibration methods. In this paper, the auto-calibration scheme by 
ellipsoid fitting for accelerometer and magnetometer is proposed by assuming that the local 
gravity field strength and local magnetic field strength are constant.  
 
After  calibration,  all  sensor  information  is  integrated  for  estimating  the  attitude.  Many 
algorithms have been proposed by researchers. Sabatini (2006) use a quaternion error based 
EKF  for  orientation  estimation.  Esfandyari  et  al.  (2006)  integrates  the  EKF  with  the 
complimentary filter to optimise the measurements. Munguia and Grau (2011) propose an 
adaptive EKF designed for the inexpensive IMU. Huyghe et al. (2009), Romanovas et al. 
(2009)  and  de  Marina  et  al.  (2012)  use  the  UKF  for  attitude  estimation,  which  is  more 
accurate but place more payloads on UAV controller. NAVCON needs a proper algorithm 
which  not  only  meets  the  accuracy  requirement  but  also  can  be  performed  easily  on  the 
MEMS hardware configuration. To against the disturbance from variable accelerated motion  
 
 
and  external  magnetics,  measurement  noise  covariance  matrix  R  is  tuned  adaptively. 
Traditional methods for magnetic disturbance detection simply compare the measured field 
strength against the theoretical value (de Marina et al. 2012). The test results show that this 
method may fail to detect the magnetic disturbance in some conditions. This paper proposes a 
method to detect the magnetic disturbance, which monitors the change of measured magnetic 
field strength over a long term. By tuning the monitoring interval time properly, the new 
method can improve the success rate of the detection. 
 
This paper is organised as follows. In Section 2, introduction of NAVCON’s structure and 
hardware configuration is given. Section 3 is about the error modelling and compensation of 
inertial sensors and magnetometer, as well as the auto-calibration scheme. In Section 4, the 
design of the adaptive EKF algorithm for attitude estimation is presented. Experimental result 
of  comparison  with  Xsens  MTi  is  described  in  Section  5.  Finally,  Section  6  draws  the 
conclusions. 
 
 
2. HARDWARE STRUCTURE 
 
The NAVCON shown in Figure 1 has a floating-point digital signal processor (DSP) core 
TMS320C6747,  accelerometer  (BMA180),  gyroscope  (ITG3205),  magnetometer 
(HMC5883L), barometer (MS5611-01BA03), and the GPS (uBlox LEA-6T). All the sensors 
and DSP communicate through IIC bus. The board has a low power consumption which can 
be powered by standard USB interface. It features a small physical size 8.5cm × 5.5cm × 
1.5cm, which has the possibility to be implemented in different areas. 
 
 
 
Figure 1.  The front (left) and the back (right) views of NAVCON.  
 
The  TMS320C6747  from  Texas  Instruments  is  running  at  300MHz.  64MB  SDRAM  and 
512MB flash ROM offer enough space for hosting complex algorithm and firmware updates. 
The  GPS  can  output  the  raw  message  including  carrier  phase,  code  phase  and  Doppler 
measurements, which support both loosely- and tightly- integrated navigation. NAVCON also 
has  a  rich  kind  of  peripheral  interfaces  to  expand  its  application,  such  as  the  general 
communication buses including IIC, UARTs SPI and USB, the LCD controller, GPIOs, PWM 
and ECAP. A standard micro-SD card slot is placed on the back of the board for real-time 
data logging. NAVCON is designed very conveniently to add additional parts, modules or 
daughter  boards  for  different  implements,  to  maximise  usage  of  the  powerful  computing 
capability provided by the DSP. The operating system on NAVCON is a DSP/BIOS real-time 
operating system (RTOS) from Texas Instruments.   
 
 
 
3. ERROR MODELING AND CALIBRATION 
 
3.1 Error Analysis 
 
Error modelling and compensation is vital for NAVCON to provide the accurate and reliable 
measurements.  The  general  models  (Garratt  2007;  Aggarwal  et  al.  2010)  describing  the 
measurement of tri-axis accelerometer, gyroscope and magnetometer are shown by equations 
(1) to (3) 
 
  ( ) M a a T a a f I S M f b ε = +∆ + +   (1) 
 
  ( ) M g g T g g I S M b ω ω ε = +∆ + +   (2) 
 
  ( ) ( ) M h h hs T hi hb h h I S M A h b b ε = +∆ + + +   (3) 
 
where  M f  , M ω  and  M h  are actual measurements (3 1 × vectors) from accelerometer, gyro and 
magnetometer  respectively;  T f  , T ω  and  T h  are  the  true  values  ( 3 1 × vectors)  of  the 
measurements;  a S ∆ ,  g S ∆  and  h S ∆  are the scale factor errors (three order diagonal matrices); 
I  is  three  order  identity  matrix;  a M ,  g M  and  h M  are  3 3 ×  matrices  representing  the 
misalignment errors including the nonorthogonality error due to manufacturing imperfections, 
mounting  and  soldering;  a b ,  g b  and  hb b  are  the  biases;  a ε ,  g ε  and  h ε  are  measurement 
noises (Gaussian white noises);  hs A  is a 3 3 × matrix that represents the magnetic soft iron 
error;  hi b  is magnetic hard iron error vector.  
 
After expanding and merging the similar terms, equations (1) to (3) can be written in matrix 
form below, 
 
  M X T X X A X B = +   (4) 
 
where  subscript  X  denotes  the  type  of  sensor, 
T
M Mx My Mz X X X X   =    is  the 
measurement  vector, 
T
T Tx Ty Tz X X X X   =    is  the  vector  of  the  true  values,  X A  is  the 
3 3 × scale matrix of sensor  X , and  X B  is the 3 1 × bias vector of sensor  X . 
 
X A  and  X B  can be obtained by calibration, and then measurements can be compensated by 
equation  (5).  Sometimes,  equation  (5)  is  simplified  to  (6),  where  X P  denotes  the 
compensation coefficients matrix. 
 
  ( )
1
T X M X X A X B
− = −    (5) 
  
 
 
  ( )
( )
1
1
1 1
T
T T T
T M M X T
A
X X X P
A B
−
−
 
      = =       −    
   (6) 
 
3.2 Calibration 
 
To obtain an accurate calibration result, specific equipment is required for implementing the 
traditional calibration method by the least squares (LS) method upon equation (4). A levelling 
table or rotation table can be the attitude reference for calibrating the accelerometer by multi-
position method. Meanwhile, the rotation table can produce different constant angular rates 
for gyro calibration. And more, a well-calibrated compass is needed as the direction reference 
for magnetometer calibration. But, misalignment of sensor installation or change of magnetic 
environment  may  introduce  extra  errors  and  make  previous  calibration  work  invalid.  The 
ideal solution is to use a feasible calibration method which uses the natural reference such as 
earth’s gravity field or earth’s magnetic field and can be executed in most situations.  
 
As known, the gravity field and earth’s magnetic field are two natural time-invariant vector 
fields. In theory, strengths of these two fields are locally constant and can be calculated by the 
mathematic models when geographic location is known. Thus, the measurements of tri-axis 
accelerometer  and  magnetometer  which  contain  sensor  errors  and  interferences  can  be 
assumed to be distributed on an ellipsoid. With enough measurements, ellipsoid parameters 
can be obtained by equation (7). And then, use these parameters to transform measurements 
from ellipsoid surface to sphere surface. Such procedures are known as auto-calibration or 
self-calibration. Lotters et al. (1998) and Won and Golnaraghi (2010) use the iterative least 
square method to free accelerometer calibration from specific positions. While Frosio et al. 
(2009) adopts the  Levemberg-Marquardt method.  In this paper, the adaptive least squares 
described by Markovsky et al. (2004) is used to obtain the consistent solutions of ellipsoid 
fitting problem for accelerometer and magnetometer calibration. Differing from the classical 
methods, this method includes the measurement error variance, which is usually ignored in 
the classical ellipsoid fitting algorithms. 
 
  ( ) ( ) ( )
1 1 2 min
T T
Mi X X X Mi X X i X B A A X B H
− −   − − −     ∑    (7) 
where i means the ith measurement,  X H  means the local field strength of sensor X ( a H  is 
the local gravity field strength and  m H  is the local magnetic field strength). 
 
aLS P  and  aEF P , shown in equations (8) and (9), are accelerometer calibration results by the 
multi-position LS method and ellipsoid fitting (EF) method  respectively.  
 
 
0.9959 0.0100 0.0054
0.0138 0.9811 0.0166
(unit:g, scale: 4g)
0.0027 0.0017 0.9884
0.0010 0.0483 0.0072
aLS P
−  
 
  = ±
 
 
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   (8)  
 
 
 
1.0245 0.0350 0.0062
0.0350 1.0122 0.0092
(unit:g, scale: 4g)
0.0062 0.0092 0.9898
0.0363 0.0622 0.0139
aEF P
 
 
  = ±
 
 
−  
   (9) 
 
For a well-calibrated accelerometer, its output should be a sphere with 1g radius. Figure 2 
(left) is the comparison between accelerometer un-calibrated raw measurements (blue points), 
calibrated measurements by EF method and the true value (colored sphere). 
 
Figure 2. The comparison between accelerometer raw measurements and calibrated measurements by 
EF method. 
 
Table 1 summarises the numeric comparison result between raw measurement, LS method 
and EF method. The error of each dataset can be obtained by subtracting their field strengths 
with ideal value 1g. Obviously, the EF method can give out a similarly accuracy result as the 
traditional LS method. And in this test, it is even more accurate than the LS method.  
 
unit: mg  MEAN  STDEV  RMS 
Raw data error   6.470  40.715  41.221 
LS error  3.405  33.104  33.275 
EF error  -0.498  31.630  31.631 
 
Table 1. Error statistics of different calibration methods 
 
Then, the magnetometer compensation coefficient matrix  h P  shown in equation (10) can be 
obtained  by  the  same  strategy.  The  comparison  between  un-calibrated  raw  measurements 
(blue points),  calibrated measurements (red points) and the true value  (colored sphere) is 
depicted in Figure 3. The radius of the sphere is the local earth’s magnetic field strength. It’s 
clear  that  calibration  makes  all  biased  points  back  to  the  sphere  surface,  errors  are  well  
 
 
compensated. 
 
 
0.9960 0.0120 0.0226
0.0120 0.9845 0.0376
(unit:uT)
0.0226 0.0376 1.0401
6.0178 9.4892 5.2474
h P
− −  
  − −   =
  − −
  − −  
   (10) 
 
   
  
Figure 3. The comparison between magnetometer raw measurements, calibrated measurement and the 
true value. 
 
 
4. ATTITUDE ESTIMATION 
 
4.1 Quaternion Based EKF Algorithm 
 
Quaternion is well known for easy propagating and numerical stability. In this paper, the 
quaternion based kinematic differential equation (11) is used for attitude prediction. 
 
 
0
1
2
3
0 ( ) ( ) ( )
0 ( ) 1 1
( ) 0 2 2
( ) 0
x gx y gy z gz
x gx z gz y gy
y gy z gz x gx
z gz y gy x gx
q
q
q q
q
q
ω ε ω ε ω ε
ω ε ω ε ω ε
ω ε ω ε ω ε
ω ε ω ε ω ε
− − − − − −   
   − − − −    = Ω =
  − − − −  
   − − − −     
￿    (11) 
 
  0, 0, 0 gx gy gz ε ε ε = = = ￿ ￿ ￿    (12) 
  
 
 
where  [ ] 0 1 2 3 , , ,
T
q q q q q =  is  quaternion,  , , x y z ω ω ω  are  gyro  outputs,  and  , , gx gy gz ε ε ε  are 
residual constant drifts in calibrated gyro output. 
 
By equations (11) and (12), the state process model is built and the state vector is 
 
  0 1 2 3
T
gx gy gz X q q q q ε ε ε   =      (13) 
 
The state noise matrix Q is very important for designing a proper EKF. It can be estimated by 
equations (14) to (16) according to the sensor specifications. 
 
  ( ) g q Q diag Q Qε =    (14) 
 
 
( )
2 2 2
1 1
1 2 3
0 3 2
1
3 0 1
2 1 0
, ,
T
q gx gy gz Q G diag G
q q q
q q q
G
q q q
q q q
δ δ δ  =

  
    − −   =    − −     − −   
  (15) 
 
where  gx δ ,  gy δ  and  gz δ  are gyro noise which can be found in sensor’s datasheet. 
 
The noise matrices of constant drift 
g Qε  should be close but different to zero (de Marina et al. 
2012), although it should be zero in theory. A small value such as 
6 10
−  is suggested. 
 
  ( ) ( ) ( ) ( )
2 2 2
10e-6 , 10e-6 , 10e-6
g Q diag ε =    (16) 
 
The measurements are three attitude angles pitch (θ ), roll (γ ) and yaw (ϕ ), which can be 
estimated  by  the  outputs  from  accelerometer  and  magnetometer  and  equation  (17)  when 
object is stationary or in low dynamic. The number of elements in vector  Z  may change 
according to the dynamic disturbance detection strategy described in Section 4.2. 
 
( )
( ) ( ) ( )
( ) ( ) ( )
3 1 0 2
1
2 2
2 3 0 1 1 2
1
2 2
1 2 0 3 2 3
asin 2
atan 2 1 2
atan 2 1 2
q q q q
Z q q q q q q
q q q q q q
θ
γ
ϕ
−
−
 
  − −        
      = = + − +        
          + − +        
   (17) 
 
 
4.2 Adaptive Strategy 
 
Besides matrix Q , the measurement noise matrix R  is another key point of the EKF. In fact, 
how  to  use  the  measurements  is  largely  depended  on  object  motion  types  and  operation 
environments. Therefore, monitoring these dynamic disturbances is an effective way to keep 
away  the  bad  measurements.  In  most  cases,  the  accelerometer  and  magnetometer  
 
 
measurements  are  compared  with  the  local  gravity  field  strength  g ￿
 and  local  earth’s 
magnetic  field  strength loc h
￿
 for  disturbance  detection.  Therefore,  the  adaptive  matrix  R  
shown in equation (18) is consisted with two parts in proposed model. 
 
  ( ) , a m R diag R R =    (18) 
 
where  a R  is the part about pitch and roll from accelerometer, and  m R  is the part about yaw 
from magnetometer. 
 
 
4.2.1 Acceleration disturbance detection 
 
 
Stationary or low dynamic
High dynamic
k a
k a
a g
a g
δ
δ
 − ≤ → 

− > →  
￿ ￿
￿ ￿    (19) 
 
Equation  (19)  is  the  general  method  to  detect  the  acceleration  disturbance. k a ￿  is  the 
accelerometer  measurement  vector  at  k  epoch,  and  a δ  is  the  threshold  obtained  by 
experiments. On NAVCON,  a δ  is three times of the sum of squared variances on three axes 
presented by equation (20). 
 
 
2 2 2 3 (var ) (var ) (var ) a ax ay az δ = + +    (20) 
 
where varax, varay and varaz are standard deviations of each axis when object is stationary. 
 
Following is the rule to select the accelerometer measurements related parameter, 
1).  When  object  is  stationary, 
2 2 ( , ) a R diag θ γ σ σ =  are  selected.  θ σ  and  γ σ are  the  standard 
deviations of measured pitch and roll respectively. 
 
2).  When  object  is  in  high  dynamic,  measured  attitudes  are  all  not  trusted.  Measurement 
update of the filter is skipped or let  ( ) , , a R diag = ∞ ∞ ∞ . 
 
 
4.2.2 Magnetic disturbance detection 
 
 
No disturbance
Disturbance detected
k loc m
k loc m
m h
m h
δ
δ
 − ≤ → 

− > →  
￿ ￿
￿ ￿    (21) 
 
Equation  (21)  is  the  general  method  to  detect  the  magnetic  disturbance.  k m ￿  is  the 
magnetometer measurement vector at epoch k,  m δ  is the threshold obtained by experiments. 
And on NAVCON,  m δ  is presented by equation (22). 
  
 
 
 
2 2 2 (var ) (var ) (var ) m mx my mz n δ = + +    (22) 
 
where varax, varay and varaz are standard deviations of each axis when object is stationary, n 
is the factor usually decided by test, here  5 n = . 
 
Following is the rule to select the magnetic measurements related parameters, 
1). When no magnetic disturbance, let 
2 ( ) m R diag ϕ σ = .  ϕ σ  is the standard deviation of 
measured yaw. 
 
2). When magnetic disturbance detected, magnetometer measurement is not trusted. ϕ  and 
m R  are deleted from Z  and R respectively.  
 
 
4.3 Enhanced Magnetic Disturbance Detection Method 
 
In the tests it was found that the magnetic disturbance detection method above may lead to 
misjudgment. As shown in Figure 4, the blue line is the magnetic field strength measured by 
NAVCON. Three noise sources which are nail, mobile phone and tablet are added manually 
at about epoch 2200, 5000 and 12750 respectively. The red line indicates the detection result 
by  equation  (21),  Boolean  value  ‘0’  means  no  disturbance  while  ‘1’  means  disturbance 
detected. In Figure 4, three disturbances are all detected, but during the second and third 
disturbing period the misjudgments appeared indicating by the Boolean value falling to ‘0’. 
Usually, when the disturbance is passing, it causes an additive noise with the similar shape of 
sinusoidal function. Thus, even being disturbed and experiencing a big change in each axis, 
the measured magnetic field strengths at some epochs may still not exceeding the normal 
range too much. Therefore, these epochs may wrongly judges as no disturbance by equation 
(21). 
 
Figure 4. Magnetic disturbance detection result by equation (21). 
  
 
 
  ( )
k k i
m k
h h
i t
ρ
− −
=
⋅∆
￿ ￿
   (23) 
 
To solve this issue, a variable  ( ) m k ρ  that denotes the long-term change rate of magnetic field 
strength  between  epoch  k  and  k i −  is  introduced  in  equation  (23)  to  assist  the  magnetic 
disturbance detection. i is the number of points in interval and  t ∆  is the sample time.  ( ) m k ρ  
can be the enhancement of equation (21) to check the misjudgment. A threshold  ρ δ  is needed 
for  ( ) m k ρ  and its value is determined upon the test results. Following is the new strategy, 
 
 
( )
( )
No disturbance
Disturbance detected
k loc m m k
k loc m
k loc m m k
m h and
m h
m h and
ρ
ρ
δ ρ δ
δ
δ ρ δ
 − ≤ ≤ →

  − >  →  
 − ≤ >   
￿ ￿
￿ ￿
￿ ￿
   (24) 
 
1). When no disturbance exists, 
2 ( ) m R diag ϕ σ =  is selected. 
 
2). When magnetic disturbance detected, magnetometer measurement is not trusted. ϕ  and 
m R  are deleted from Z  and R respectively.  
 
 
5. COMPARISON AND EVALUATION 
 
5.1 Attitude Estimation Comparison 
 
In the test, the attitude solution of NAVCON derived from the proposed AEKF was compared 
with Xsens MTi. The MTi was mounted on the box of NAVCON, and their axes were aligned 
manually. Data were collected when they were stationary and rotating by hand movement 
with 50Hz frequency. Figures 5, 6 and 7 are the attitude estimation comparison on pitch, roll 
and yaw (up) and the errors in each estimation results (down) respectively. The attitude errors 
are less than 1 degree during the stationary. The errors of the dynamic solutions are around 5 
degrees at some high dynamic epochs and less than 3 degrees under most epochs. Table 2 is 
the error statistics. 
  
 
 
 
 
Figure 5. Attitude estimation comparison between MTi and NAVCON on pitch. 
 
 
 
Figure 6. Attitude estimation comparison between MTi and NAVCON on roll. 
  
 
 
 
 
Figure 7. Attitude estimation comparison between MTi and NAVCON on yaw. 
 
  AEKF on NAVCON 
  MEAN  STDEV  RMS 
Pitch error (deg)  -0.6734  1.1689  1.3483 
Roll error (deg)  -0.7014  1.1638  1.3587 
Yaw error (deg)  -0.9763  1.0533  1.4361 
 
Table 2. Statistics of attitude estimation error on NAVCON by AEKF. 
 
 
5.2 Evaluation Of Improved Disturbance Detection Method 
 
In the test, some magnetic noise sources were artificially placed or passed near NAVCON for 
testing the proposed disturbance detection strategy. The same data shown in Figure 4 were 
used here, and i in equation (23) was set to 10. The comparison result between the traditional 
method by equation (21) and proposed method by equation (24) is depicted in Figure 8. Blue 
line is the magnetic field strength, red line is the detection result by traditional method and 
black line is the detection result by proposed variable  ( ) m k ρ . It’s clear to see that the values ‘0’ 
on red line during disturbing period are all covered by values ‘1’ on black line, which means 
all  the  misjudgments  of  the  traditional  method  during  disturbing  are  found  by  the  new 
variable.  With  the  improvement  on  dynamic  disturbance  detection  strategy,  the  attitude 
estimation result will be more robust.  
  
 
 
 
 
Figure 8. The comparison between different disturbance detection strategies. 
 
 
6. CONCLUSION 
 
This paper introduces the development and error compensation of a new low-cost multisensor 
platform.  The  auto-calibration  method  based  on  ellipsoid  fitting  is  proposed  for  on-line 
calibrating  the  sensors.  A  quaternion  based  adaptive  EKF  with  more  robust  dynamic 
disturbance detection strategy is developed for attitude estimation. In comparison with the 
MTi, the proposed AEKF gives out better result. The new disturbance detection strategy can 
find out the misjudgements of the traditional method correctly.  
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